Electromigration is an important failure phenomenon in ULSI. There are several underlying physical mechanisms in an electromigration process depending on the stress conditions. In this work, we use various statistical techniques to investigate the number of such mechanisms for a given set of electromigration data. The statistical distribution of each mechanism can be found and the failure units that belong to the different statistical distributions can be identified. Through this methodology, the existence of the incubation phenomena for aluminum electromigration is shown, and the time for the incubation is found to be different for different underlying mechanisms.
Introduction
Electromigration (EM) is an important failure phenomenon in ULSI. As interconnect line widths are being reduced along with the downscaling of device dimensions, the resulting higher current densities give rise to increased joule heating effects coupled with a higher mechanical stress. As a result, the electrical-thermal-mechanical coupled physics underlying the electromigration void formation behavior could be different from its conventional counterpart. Although failure analysis might reveal the different underlying physics, it is both time consuming and expensive, requiring detailed and sophisticated analysis methods. Numerical modeling will be of great help to this unveiling, but its correctness requires verification from the failure analysis results. Furthermore, the existence of new failure mechanisms may not be obvious as the failure mode observed could be no different from its conventional counterpart.
As the underlying mechanism of any physical process is governed by thermodynamics, and there is a stochastic process associated with each thermodynamic event [1] [2] [3] , one can expect to obtain different statistical distributions for different underlying thermally driven failure mechanisms. For the case of EM, it is found that the statistical distribution of EM process follows a lognormal distribution due to the gradual formation of voids, and different lognormal shape parameters represent different underlying failure mechanisms [4] . Hence, by examining the values of the shape parameter, one can expect different mechanisms in an EM process. For example, in the work performed by Tan et al [5] , the use of a higher stress temperature retained the same mechanism as the standard EM test as indicated by the same shape parameter and verified by numerical modeling and failure analysis. On the other hand, the use of a higher current density stress factor produced a different mechanism as is evidenced from the different shape parameters obtained from the test data and, verified also through numerical simulation and failure analysis.
The past failure analysis studies reveal that there are generally two failure mechanisms in aluminum electromigration, namely line EM and via EM. While 'line EM' refers to the void formation and growth inside or within the interconnect metal lines, 'via EM' refers to the void formation close to the Al via-line interface. Both these failure mechanisms correspond to the 'open' failure mode. Although physical analysis studies in the past indicate only two failure mechanisms for EM, the significant downscaling of interconnect device dimensions can cause new failure mechanisms to arise due to undue high stresses at different locations in the EM structure. In such cases, statistical tools for analyzing EM data come in very handy in detecting the presence of new failure mechanisms, if any. While the relationship between the shape parameter and the associated mechanism is interesting and deserves further research investigation, the accurate determination of the shape parameter is also important. Conventionally, the shape parameter is determined by finding the best fitted twoparameter single lognormal distribution to a given set of test data. However, this method is shown to be incorrect [6] . The incorrectness may be due to the presence of multiple failure mechanisms compounded within a given test data obtained from an accelerated EM test, as mentioned earlier. Also, the presence of incubation in electromigration will require a threeparameter lognormal distribution to describe the test data as in the case of Al interconnection. This incubation period consists of the process of Al grain growth and the sweeping of Cu participates in the Al-Cu line along the grain boundary before Al electromigration can occur [7] . The incubation period is commonly referred to as the failure-free time in the field of statistics.
In this work, we develop a statistical method to identify the number of underlying failure mechanisms embedded in a given test data and classify the units belonging to each of these different mechanisms. For the sake of generality, we use a three-parameter lognormal distribution for the test data so that the effect of the possible incubation phenomenon can be included. As the physics of Al interconnects is well understood, we demonstrate our statistical method by using the Al interconnect EM test data.
Compared to our previous results in [5] and [6] , the novelty of this work lies in the statistical identification of the number of failure mechanisms, incorporation of incubation phenomena into the statistical model and performing multimodal mixture distribution analysis for three-parameter lognormal distribution to associate each failure unit with its corresponding failure mechanism using the Bayesian posterior probability theory. These methods will be explained and illustrated in detail in the sections that follow.
Experimental details
Accelerated package-level EM tests were performed on the aluminum via-line test structure where the via-filling material is tungsten, the metal barrier has TiN/Ti composition and the TARC layer is Ti. The current density stress to the structure was set to ten times the desired current density, j 0 , and the oven temperature was set to 175
• C. The set of failure data obtained is tabulated in table 1. It may be noted from this table that the earliest EM failure occurs only after 124.86 h, implying that there is a possible chance of the existence of a failure-free incubation period prior to the void nucleation and growth processes inherent in EM. The results of the proposed statistical method will further confirm our claim of the existence of incubation phenomena. 
Identification of number of underlying physical failure mechanisms
To identify the number of underlying physical failure mechanisms contained in the set of test data, the Akaike information criterion (AIC) is employed. This AIC [8] is a measure of the goodness-of-fit of a proposed statistical mixture model. It is used to determine the optimal number of mixture components that fit a given set of failure data. The expression for AIC is given in (1), where L is the maximum likelihood estimation (MLE) of the fitted model and m is the number of degrees of freedom (D.O.F.) in an n-component mixture distribution. The relationship between m and n is given by m = 3n − 1. The term (2m) in (1) is the penalty factor that prevents too many mixture components to be redundantly added to fit the data more accurately. The number of components n for which the AIC is the lowest is found to be the best-estimated number of failure mechanisms in the test data: Table 2 lists the MLE values for different assumed number of mixture components for the given failure data set in table 1 using the expectation and maximization (E&M) algorithm [9, 10] results. Figure 1 shows the trend of the AIC values for the assumed different number of mixture components, n.
From table 2 and figure 1, it can be noted that a twocomponent mixture model (n = 2) is the best fit to the set of EM test failure data in table 1 because it has the lowest AIC criterion value.
Expectation and maximization (E&M) algorithm
The expectation and maximization (E&M) algorithm [9] [10] [11] is a very useful and efficient statistical technique for the analysis of mixture distributions. It determines the distribution parameters by maximizing the log-likelihood function of the mixture distribution. Here, we extend the E&M algorithm to the case of a three-parameter lognormal mixture.
The probability density function (p.d.f), f (t), for a threeparameter lognormal model is given by (2) where t 50 is the median time to failure, σ is the shape parameter and X 0 , the failure-free time [12] . Since no failures can occur before the failure-free time, f (t) = 0 for t < X 0 : 
For the two-component lognormal mixture, the effects of the failure-free time for the two different components, denoted as X 0(1) and X 0(2) respectively are included, and the overall mixture p.d.f. may be expressed as in (4):
The log-likelihood function (L) for a three-parameter lognormal mixture is given by (5) where t j represents the jth failure data. Based on (5), the best-fit distribution parameters are obtained by solving the four partial derivative expressions in (6):
These expressions can be modified to give equations (7)-(9), which are easier to solve. The expression Pr{i|t j } in (7) is the probability that a failure unit which failed at time t = t j belongs to component i of the mixture distribution. It is called the posterior probability, and it is obtained from Bayes' theory [10] . The symbol y in (9) represents either t 50 , σ or X 0 as 
Here, it is assumed that different failure mechanisms have their own failure-free times.
E&M algorithm simulation results
Equations (7)- (9) were solved using the Matlab software. The initial guess given as input to the E&M algorithm and the final optimal values for the distribution parameters are listed in table 3. The cumulative probability plot (CDF plot) for the fitted model is shown in figure 2 . It can be seen clearly that the proposed bimodal three-parameter mixture model fits the data very accurately. The least-squares residual (LSR) value for the data fit to the proposed model is used as an indicator of the accuracy of the fitting. The LSR value is calculated by summing the squares of the difference in the cumulative density of the median rank value for the test data and the mixture c.d.f. calculated from the optimal mixture model parameters. In this simulation, the LSR value for the bimodal three-parameter lognormal fit was found to be as low as 0.030. The lower the LSR, the better the accuracy of the modeling. Table 4 compares the LSR value for four different statistical models. It can be noted that the LSR is the lowest for the proposed three-parameter based bimodal mixture proposed in this work. Based on the optimal values of the distribution parameters obtained, Bayes' posterior probability expression in (7) is used to evaluate the probability that each failure data belongs to the different failure mechanisms. This information is presented in the form of an indicator matrix given in table 5. It can be concluded from table 5 that the first 9 failure data belong to failure mechanism FM 1 while the last 14 failure data belong to FM 2 as indicated by the corresponding extreme probability values. As for the units with times to failure (TTF) = 201.00, 209.85 and 210.65 h, since the probability values for both the mechanisms are moderately high, these units correspond to the case of either simultaneously competing failure mechanisms or existence of some unknown new failure mechanism which can only be determined from failure analysis. The failurefree time will be the incubation time for the Al EM from the understanding of Al EM process [13] .
The effectiveness of using the E&M algorithm above to classify each failure data into different failure mechanisms (FM 1 and FM 2) can be verified by separating the data belonging to each failure mechanism and analyzing each of them individually as a single distribution, treating all the other data as 'suspended' or 'censored'. Figure 3 shows the lognormal single distribution plot for data belonging to 
Failure analysis results
In order to determine the nature of failure for FM 1 and FM 2, SEM images of the FIB milled samples for TTF = 143.98 and 325.31 h are taken as shown in figures 4 and 5 respectively. Figure 4 shows that the void is formed in the via close to the via-line interface. This confirms that this unit with TTF = 143.98 h failed due to via EM voids (FM 1). Similarly, it may be noted in figure 5 that the unit with TTF = 325.31 h has voids formed within the line itself implying that FM 2 should correspond to line EM failure. From the statistical and failure analysis studies, we can conclude that the first 9 failure units most likely belong to via EM, and the last 14 failure units failed due to line EM. The higher mixing weight for FM 2 (p 2 = 62.4%) in table 3 suggests that the dominant failure mechanism is the line EM.
One can also note from table 3 that the estimated value of the incubation time for via failures, X 0(1) , is much lower than that for the line failures, X 0(2) . This may be explained as follows. The incubation time is the time for Al grain growth and the sweeping of Cu participates away from the grain boundaries. If the current density is higher, the incubation time will be shorter. For the structure examined, the current density in the line is 3.5 MA cm -2 while that in the via is around 6.9 MA cm -2 . Thus the incubation time for the via failure is expected to be shorter than that for the line failure, as is shown from the statistical analysis. 
Conclusion
A statistical algorithm using the Akaike information criterion (AIC), E&M algorithm and Bayes' posterior probability theory is developed to unveil the underlying EM physics of ULSI interconnection. Application of the algorithm to the experimental EM test data of Al line using the threeparameter bimodal lognormal mixture distribution indeed shows the presence of line and via failures with their respective incubation times, together with some unknown failure mechanisms to be determined from the physical analysis. The use of Bayes' posterior probability theory helped identify the failure mechanism to which each failure data most likely belonged. The physical failure analysis results further confirmed the validity of the proposed statistical model.
